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LARGE - SCALE CLASSIFICATION IN more computer programs can be configured to perform 
NEURAL NETWORKS USING HASHING particular operations or actions by virtue of including 

instructions that , when executed by a data processing appa 
CROSS - REFERENCE TO RELATED ratus , cause the apparatus to perform the actions . 

APPLICATIONS The foregoing and other embodiments can each optionally 
include one or more of the following features , alone or in 

This application is a continuation of U . S . application Ser . combination . The method may include creating a modified 
No . 14 / 933 , 256 , filed Nov . 5 , 2015 , which claims the benefit activation vector by setting the values in the activation 
of U . S . Provisional Application No . 62 / 094 . 768 . filed on vector that correspond to the nodes that were not selected to 
Dec . 19 , 2014 , the contents of each are incorporated herein 10 zero . Processing the activation vector using the selected 
by reference . nodes to generate the output for the particular layer may 

include processing the modified activation vector to generate 
BACKGROUND the output for the particular layer . The hash table stores , for 

each of the nodes of the particular layer , a respective hash of 
This specification relates to image recognition using neu - 15 weight values of the node . Selecting the one or more nodes 

ral networks . may include computing a hash code for at least a portion of 
Deep neural networks with several levels and hierarchies the activation vector , determining one or more most similar 

of features may have very large learning capacity and be hashes in the hash table to the hash code of the portion of the 
used in speech or image recognition . Deep neural networks activation vector , and selecting the nodes corresponding to 
typically have several layers of units connected in a feed - 20 the one or more most similar hashes . The hash table stores , 
forward fashion between the input and output spaces . Each for each of the nodes of the particular layer , a respective 
layer in a deep neural network may perform a specific node identifier of the node . 
function , e . g . , convolution , pooling , normalization , or In some implementations , the activation vector includes 
matrix multiplication and non - linear activation . real number values . The method may include converting 

25 each of the real numbers in the activation vector to binary 
SUMMARY values to create a binary vector , determining multiple por 

tions of the binary vector , and converting , for each of the 
In some implementations , a system uses matrix multipli - portions , the binary values in the respective portion into an 

cation to determine an output for a particular layer in a integer . Selecting the nodes in the particular layer using the 
neural network . For instance , the matrix multiplication is a 30 activation vector and the hash table may include selecting 
combination of an activation vector , e . g . , input for the the one or more nodes in the particular layer by using the 
particular layer , and a weight matrix , e . g . , the weights for integers as input to the hash table . The integers may include 
some of the nodes in the particular layer . The neural network a first subset and a second , mutually exclusive subset . 
uses a fast locality - sensitive hashing technique to approxi - Selecting the one or more nodes in the particular layer by 
mate a result of the matrix multiplication to allow the neural 35 using the integers as input to the hash table may include 
network to generate scores for a large number , e . g . , millions , determining , for each of the integers in the first subset , that 
of output classes . the hash table does not include a corresponding first entry for 
When a neural network uses a hashing technique , the a node , determining , for each of the integers in the second 

neural network may approximate computation of a matrix subset , that the hash table includes a corresponding second 
product of weights W for a particular layer in the neural 40 entry for a node , and selecting the one or more nodes in the 
network and an activation vector x so that the number nodes particular layer as the nodes identified by the second entries . 
in the particular layer , e . g . , output dimensions , can be Determining , for each of the integers in the first subset , that 
increased by several orders of magnitude . In some examples , the hash table does not include a corresponding first entry for 
the particular layer may be an output layer in a neural a node may include determining , for at least some of the 
network , e . g . , a final classification layer , which is used to 45 integers in the first subset , that the hash table does not 
determine a classification of an input to the neural network include a corresponding first entry with a current time stamp . 

In general , one innovative aspect of the subject matter The method may include determining , for at least some 
described in this specification can be embodied in methods output values in the output , an accuracy value of a respective 
for processing an input through each of multiple layers of a output value , and updating at least some of the mappings in 
neural network to generate an output , wherein each of the 50 the hash table using the accuracy values by updating time 
multiple layers of the neural network includes respective stamps for a first node entry in the hash table for a particular 
multiple nodes include the actions of for a particular layer of node in the particular layer and not updating time stamps for 
the multiple layers : receiving , by a classification system , an a second node entry in the hash table that does not corre 
activation vector as input for the particular layer , selecting spond to any nodes in the particular layer . The method may 
one or more nodes in the particular layer using the activation 55 include determining , by the classification system , old entries 
vector and a hash table that maps numeric values to nodes in the hash table that have an old timestamp , and removing 
in the particular layer , and processing the activation vector the old entries from the hash table . 
using the selected nodes to generate an output for the In some implementations , the particular layer may include 
particular layer . Other embodiments of this aspect include an output layer of the neural network . The method may 
corresponding computer systems , apparatus , and computer 60 include determining a best output value from the output for 
programs recorded on one or more computer storage the particular layer , and using the best output value as output 
devices , each configured to perform the actions of the for the neural network . The classification system may be an 
methods . A system of one or more computers can be image classification system . Each of the nodes in the output 
configured to perform particular operations or actions by layer may correspond to a respective object class . The 
virtue of having software , firmware , hardware , or a combi - 65 method may include receiving an image , and using the 
nation of them installed on the system that in operation image as input to the neural network . Using the best output 
causes or cause the system to perform the actions . One or value as output for the neural network may include classi 
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nts . 

fying an object in the image as belonging to the class FIG . 2 is a flow diagram of a process for processing an 
corresponding to the node that generated the best output activation vector using selected nodes in a layer to generate 
value . Receiving the image may include receiving , from a a n output for the layer . 
device , data identifying the image , and using the image as FIG . 3 is a flow diagram of a process for selecting nodes 
input to the neural network may include using , by the 5 in a layer using integers as input to a hash table . 
classification system on another device , the image as input Like reference numbers and designations in the various 
to the neural network in response to receiving the data 
identifying the image . DESCRIPTION The subject matter described in this specification can be 
implemented in particular embodiments and may result in This specification describes a method for neural networks , one or more of the following advantages . In some imple e . g . , deep neural networks , that enables approximate com mentations , a classification system may train large scale putation of matrix products at various layers so that the neural networks at a faster rate , e . g . , in terms of number of number of output dimensions at a particular layer in the steps , total time , or both , compared to other systems that do 15 15 neural network can be increased by several orders of mag 
not use the methods described below , e . g . , standard soft - max nitude , while keeping the computation cost about the same layers or hierarchical soft - max layers . In some implemen and with little loss in accuracy . For instance , a neural 
tations , a classification system ' s computation cost may network may use matrix multiplication W * x during a clas 
depend only on K , the number of weight vectors used or the sification process , where x is the input from a layer and W 
number of classes identified in an output layer , and may be 20 refers to the weights of the connections to the next layer ' s 
independent of the total number of classes in an output layer outputs . The use of matrix multiplication may enable large 
of a neural network . In some implementations , a classifica - scale classification in the order of hundreds of thousands to 
tion system may classify objects using on the order of millions of classes , e . g . , during real - time computation to 
hundreds of thousands to millions of classes with approxi - provide a user with a classification value based on input 
mately the same computational cost of a classification 25 received from the user . In some examples , a deep neural 
system , e . g . , a conventional deep neural network , with a few network may use matrix multiplication for multi - class clas 
thousands of classes . In some implementations , a classifi sification or binary classification . 
cation system may be used to train large scale neural In some implementations , a neural network uses a winner 
networks , e . g . , using additional data structures . For instance , takes all ( WTA ) hash method to reduce the computation time 
the classification system may include an inverted hash table 30 for the matrix multiplication . For instance , a classification 
with timestamps for keeping track of , and updating , the hash system stores a weight matrix W of a particular neural 
table as the weight matrix is continuously updated during the network layer y in a hash table using the WTA function . At 
training process . run - time , the classification system computes hash codes 

In some implementations , a classification system with a using the activations from the previous layer x , e . g . , the 
neural network that has N classes in an output layer and that 35 output values from the previous layer , and uses the hash 
selects at most the top K weight vectors for the classes in the codes to determine which nodes in the current layer y are 
output layer may have an improved speed of N / K compared most likely to be triggered based on the activations . For 
to other classification systems that do not use a hash table in instance , the classification system uses the hash codes as 
the same manner . In some implementations , a classification input to the hash table to determine the nodes and then 
system only performs comparisons when computing a hash 40 determines the corresponding weight vectors W ( K ) for those 
code , e . g . , which allows the classification system to deter - nodes . 
mine the hash code using integer arithmetic . In some imple The classification system retrieves the top K of those 
mentations , a classification system computes a hash code weight vectors , e . g . , from the hash table or another location 
without accruing branch prediction penalties . In some in memory , with K being much smaller than the number of 
implementations , the complexity of the classification system 45 nodes in the particular neural network layer y , e . g . , much 
described below may depend on the dimensionality of an smaller than the number of classes N in an output layer of 
activation vector x , the number of M portions into which the the neural network when the particular layer is the output 
activation vector x is divided , the number of nodes K for layer , or than the size of the weight matrix W . Since hash 
which the classification system performs matrix multiplica - table lookups can be performed in 0 ( 1 ) , in some implemen 
tion , or a combination of two or more of these . For example , 50 tations the overall speed - up that can be obtained is propor 
since these values are independent of a number of classes in tional to N / K . For instance , the classification system ' s 
an output layer of a neural network , a classification system computation cost may depend only on K , the number of 
may accommodate any number of classes in the output layer , weight vectors used for the particular layer y or the number 
e . g . , while providing a tradeoff between time complexity and of classes identified in an output layer , and may be inde 
accuracy . 55 pendent of the total number of classes in an output layer , 

The details of one or more embodiments of the subject e . g . , N . 
matter of this specification are set forth in the accompanying In one example , when a classification system classifies 
drawings and the description below . Other features , aspects , objects in an image or a video , the classification system may 
and advantages of the subject matter will become apparent have a large number of classes , e . g . , hundreds of thousands 
from the description , the drawings , and the claims . 60 to millions , into which a given an object can be classified . 

For instance , the classification system may use a neural 
BRIEF DESCRIPTION OF THE DRAWINGS network to determine what a particular object is in an image , 

e . g . , whether the object is a car , a truck , or a tree , with the 
FIG . 1 is an example of a classification system that uses neural network including one node in the output layer for 

a hash table to determine for which nodes in a particular 65 each class into which the object can potentially be classified . 
layer y to perform matrix multiplication using an activation To reduce the number of computations performed , the 
vector x . classification system may take the activation vector from the 
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second to last layer in the neural network and use the values the classification system 100 only needs output for the top K 
from the activation vector as input to a hash table to classes of the output layer and can determine the top K 
determine for which nodes in the output layer the compu vectors W ( K ) , from a weight matrix W , that have the largest 
tation should be performed . For instance , the classification dot products with the activation vector x . The classification 
system determines K nodes , identified in the hash table , for 5 system 100 computes the probabilities for only these K 
which to perform the computation using the activation classes , and sets the probabilities of all other classes to zero . 
vector as input . The classification system then uses the During initialization of training , the classification system 
output from those K nodes in the output layer to determine 100 uses , for a particular node in the particular layer y , the 
what the object in the image is , e . g . , that the object is a car . corresponding weight vector to compute the hash code for 
For example , the classification system determines the output 10 the particular node . The classification system 100 stores , in 
values for each of the K nodes and the greatest of those the hash table 104 , identifiers for each of the nodes in the 
output values and classifies the object using the classifica particular layer y using the corresponding hash codes as 
tion of the node with the greatest of the output values , e . g . , indices . The classification system 100 generates the hash 
without having to perform the computation for all of the codes from the weight vectors once to initialize the hash 
nodes in the output layer . 15 table 104 before performing training using training 

In some examples , the classification system may perform examples . 
K lookups in the hash table , or in multiple hash tables , and During training , the classification system 100 determines 
may determine that some of the lookups do not identify a a hash code for an activation vector x by permuting the 
node in the output layer . In these examples , the classification elements , e . g . , numerical values , of the activation vector x . 
system performs the computation for less than K nodes in 20 The classification system 100 may use P distinct permuta 
the output layer . tions , described in more detail below , of the activation vector 

FIG . 1 is an example of a classification system 100 that x to determine the hash code for the activation vector x . The 
uses a hash table to determine for which nodes in a particular classification system 100 determines the K nodes with the 
layer y to perform matrix multiplication using an activation highest probabilities of activating and stores identifiers for 
vector x . The classification system 100 is an example of a 25 those K nodes in the hash table 104 at the index specified by 
system implemented as computer programs on one or more the determined hash code . 
computers in one or more locations , in which the systems , The classification system 100 receives an input example 
components , and techniques described below are imple and provides the input example to the neural network 102 . 
mented . For example , the particular layer y may be a The neural network 102 uses the input example as input to 
soft - max or a logistic regression output layer in a neural 30 a first layer and processes the input example through all 
network 102 . The matrix multiplication may be a product of layers leading up to the particular layer y . For the particular 
the activation vector x from a previous layer in the neural layer y , the neural network 102 computes a hash code using 
network or an initial input for the neural network , e . g . , when an activation vector x generated from the previous layer , or 
the particular layer is an input layer in the neural network , the input example when the particular layer y is the first 
and the weights W . The classification system 100 may use a 35 layer . The neural network 102 queries the hash table using 
hashing technique , e . g . , a fast locality - sensitive hashing the hash code to determine the top K nodes in the particular 
technique , to approximate the actual matrix multiplication to layer y that have the highest probability of activating given 
determine the output for the particular layer y . the activation vector x . The neural network 102 determines 

The classification system 100 computes hash codes for the the weight vectors W ( K ) for the top K nodes and computes 
weight vectors of the weights W of the particular layer y and 40 the probabilities for the top K nodes using the activation 
stores indices for the nodes in the particular layer y in a hash vector x and the weight vectors W ( K ) . 
table 104 in indices that correspond to the hash codes . For In some implementations , the classification system 100 
instance , the classification system 100 trains the neural trains the neural network 102 using downpour stochastic 
network 102 and determines the binary hash codes and the gradient descent ( SGD ) . During back - propagation , the clas 
indices at which to store the indices for the nodes in the 45 sification system 100 only propagates gradients based on the 
particular layer particular layer y during training , as top K nodes that were retrieved during the forward pass of 
described in more detail below . the neural network 102 . The classification system 100 may 

The classification system 100 uses an input activation update only the weight vectors for the top K nodes that were 
vector x to determine one or more hash codes . The classi - retrieved during the forward pass of the neural network 102 
fication system 100 uses the hash codes to determine a set of 50 using an error vector for the output of the neural network 
nodes yk in the particular layer y that are closest to the 102 
activation vector in the hash space and computes the matrix In some examples , when the particular layer y is an output 
product for x and the set of nodes y , to determine the output layer , the classification system 100 may propagate gradients 
for the particular layer y . The classification system 100 may for positive output nodes , e . g . , in order to always provide a 
set the output values for all other nodes in the particular 55 positive gradient . In these examples , the classification sys 
layer y , other than the nodes in the set of nodes y 1 , to zero . tem 100 may update the weight vectors for the top K nodes 

The classification system 100 maintains the order of the that were retrieved during the forward pass and the positive 
set of nodes y when generating output for the particular output nodes , e . g . , the output nodes that identify a correct 
layer y . For instance , each time the classification system 100 classification of the input example . The classification system 
generates an output vector using a particular neural network , 60 uses the updated weight vectors to compute updated hash 
the output value for a particular node in layer y is always in codes for the top K nodes and moves the identifiers for the 
the same location of an output vector . top K nodes , or a subset of these nodes , to the locations in 
When the number of nodes in a particular layer y of the the hash table 104 pointed to by the updated hash codes . 

neural network 102 is large , the classification system 100 For instance , when the neural network 102 receives an 
only needs output from the K nodes with the highest 65 image of a car as input , the neural network 102 may identify 
probabilities of activating based on the activation vector x . the top K nodes for the input image in the output layer y as 
For instance , when the particular layer y is an output layer , nodes that represent a truck ( yo ) or a tree ( 73 ) . The neural 
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network 102 may determine that the correct classification of node with a particular index in the hash table 104 . For 
the input is for node y , which identifies the image as a car . instance , during backward propagation , the classification 
The classification system 100 updates the nodes in the system 100 may update values in the weight vector for the 
output layer y of the neural network 102 that classify input positive output node and update the corresponding time 
as a car ( y ) the correct classification , a truck ( yo ) - an 5 stamp to a current time stamp . In some examples , during 
incorrect classification , a tree ( yz ) an incorrect classifica - backward propagation , the classification system 100 may 
tion , or two or more of these as part of the training process , update values in the weight vectors for incorrect output 
by determining gradients for these nodes . The classification nodes and update the corresponding time stamp to a current 
system 100 determines updated weight vectors for these time stamp . 
nodes using the gradients . The classification system 100 uses 10 The classification system 100 may periodically remove 
the updated weight vectors to determine new hash codes for entries in the hash table 104 that do not have a current time 
these nodes and places identifiers for these nodes in the hash stamp . For instance , the classification system may update the 
table 104 at the location pointed to by the new hash codes . indices in the hash table 104 to which the nodes in the 

In some implementations , the hash table 104 includes the particular layer y are associated , the weights for each of the 
weight vectors for the corresponding nodes . For instance , 15 nodes , or both , over the course of server hundred or thou 
when creating the hash table 104 , the classification system sand training iterations . The classification system 100 may 
100 stores an identifier for each of the nodes , the corre - remove entries in the hash table 104 that do not have a 
sponding weight vector , or both in the hash table 104 . current time stamp when all nodes in the particular layer y 
During training the classification system 100 may use a hash have been updated , e . g . , either the index to which the node 
code to retrieve the node identifiers and determine the 20 is associated or the corresponding weight vector , or both . In 
corresponding weight vector , e . g . , from a parameter server . some examples , the classification system 100 may remove 
The classification system 100 may use a hash code to entries in the hash table 104 that do not have a current time 
retrieve the node identifiers and determine the corresponding stamp after a predetermined number of training iterations , 
weight vectors during run - time , e . g . , using data stored with e . g . , one thousand , or using any other appropriate method . 
the classification system 100 . In some examples , the clas - 25 During run - time , the classification system 100 receives an 
sification system 100 may use the hash code to retrieve both activation vector x and permutes the elements of the acti 
the node identifiers and the corresponding weight vector vation vector x using P distinct permutations to determine a 
from the hash table 104 . hash code , e . g . , the same P permutations used during train 

The neural network 102 uses the retrieved weight vectors ing . The classification system 100 uses the hash code to 
to determine output for the particular layer y . For instance , 30 determine the index of the top K nodes in the hash table 104 . 
when the particular layer y is an output layer of the neural For instance , the classification system 100 may convert 
network 102 , the neural network 102 determines an output each real number in the activation vector x to a binary value 
value for each of the nodes identified in the hash table 104 . to create a binary vector . The classification system 100 
The neural network 102 may apply a function to the output converts the binary vector into an integer , e . g . , by combining 
values for each of the nodes identified in the hash table 104 35 the binary values , and uses the integer as input to the hash 
to determine corresponding modified output values , e . g . , the table 104 , e . g . , as an index value for the hash table 104 to 
same function to each of the output values . The neural identify one or more nodes for which to compute matrix 
network 102 may determine a largest output value or a multiplication using the activation vector x . 
largest modified output value and uses the identifier for the In some implementations , during training and run - time , 
largest output value or largest modified output value to 40 the classification system 100 divides the activation vector x 
classify the input . In some examples , when the particular that contains n elements into M portions that each contain 
layer y is not an output layer , e . g . , and is a first layer or a n / M elements . The classification system 100 , during train 
hidden layer , the neural network 102 or the classification i ng , creates a hash table 104 for each portion , T : m = 1 . . 
system 100 determine the output values for each of the nodes . M } . For instance , the classification system 100 determines 
identified in the hash table 104 , apply a function to the 45 the hash code for each portion of the activation vector x , 
output values , and use the modified output values to create using the method described above or another appropriate 
an output vector for the particular layer y . method , and uses the resulting hash code as an index to the 

In some implementations , the classification system 100 corresponding hash table Tm . 
updates some of the weight vectors during each iteration of During run - time , the classification system 100 similarly 
training but not all of the weight vectors , or some of the 50 determines the hash code for each portion Xm of a corre 
weights in a particular vector but not all of the weights in the sponding activation vector x and uses the portions xm as 
particular vector . For instance , when the neural network 102 indices to the corresponding hash tables Tm to determine a 
incorrectly determines that an image of a car has a highest set of all identifiers of the nodes for which to perform matrix 
probability of being either an image of a truck , e . g . , node yo , multiplication . In some examples , each hash table Tm has 
or an image of a tree , e . g . , node yz , based on a hash code 55 only one entry for each index and the classification system 
identifying index I , of the hash table 104 , the classification 100 determines the set of all identifiers of the nodes using 
system 100 creates a new entry for the index I , that asso - the corresponding hash codes , e . g . , to determine at most M 
ciates the index 1 , for the hash code with the node y , for a nodes . In some examples , the hash table or hash tables 104 
car classification and includes a time stamp with the entry , include only one entry for each of the nodes in the particular 
e . g . , with a current time or a time at which the most recent 60 layer y . 
training of the neural network 102 ended . Similarly , when a In some implementations , the classification system 100 
node ' s classification is correct , the classification system 100 may retrieve a corresponding count for each node from the 
may update an old time stamp for the entry in the hash table hash table 104 . For instance , each count may provide a lower 
104 with the current time . bound for the dot product between the activation vector x 

In some examples , the classification system 100 may 65 and the weight vector for the node . The count may represent 
update or otherwise change values of the weight vector of a the ordinal similarity between the two vectors . The classi 
node in addition to updating the time stamp associating a fication system 100 may select the K nodes with the greatest 
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ordinal similarity between the two vectors , e . g . , when a may retrieve a weight vector from the hash table T , with the 
greater ordinal similarity may represent a larger dot product respective node identifier or may use the node identifier to 
between two vectors , and perform matrix multiplication for retrieve the weight vector from another system , e . g . , a 
those nodes to determine output for the particular layer y , parameter server . 
e . g . , to determine probabilities for each classification when 5 At 208 , the classification system selects the nodes corre 
the particular layer y is an output layer . For example , the K sponding to the one or more host similar hashes . For 
nodes with the greatest ordinal similarity may have weight instance , the classification system selects the top K nodes . In 
vectors that are the nearest neighbors to the activation vector some examples , when each entry in the hash table ( s ) maps 
x based on dot product similarity . a single index value to a single node identifier , the classi 

In some examples , when the classification system 100 10 fication system may determine the top K nodes when K is 
uses P distinct permutations , each index is represented using less than M , the number of hash codes used to access the 
log ( 2K ) bits resulting in P * log ( 2K ) bits for the entire hash hash table ( s ) . 
code . In some implementations , the classification system At 210 , the classification system processes the activation 
100 uses a binary representation for the hash codes to reduce vector using the selected nodes to generate an output for the 
a memory footprint used by the classification system . In 15 particular layer . For example , the classification system per 
some implementations , the classification system 100 may forms matrix multiplication using the activation vector x and 
use a WTA hash function that defines an ordinal embedding the determined weight vectors and then applies a function to 
For instance , as P - > 00 , the dot product between two WTA the result of the matrix multiplication to generate an output 
hashes tends to the rank correlation between the underlying for each selected node and sets all other output values for the 
vectors and WTA hashes are well suited as a basis for 20 particular layer y to zero . 
locality - sensitive hashing . This may result in a more robust As part of a training process , at 212 , the classification 
proxy for dot product similarity and may be used to deter system determines , for at least some output values in the 
mine a count for each of the nodes that represents the ordinal output , an accuracy of a respective output value . For 
similarity between the node and the activation vector x . instance , the classification system determines the accuracy 

In some implementations , the classification system 100 25 of the respective output values for backward propagation as 
may map some of the hash codes to empty entries in the hash part of a training process . 
table 104 . For instance , the classification system 100 may As part of a training process , at 214 , the classification 
divide the activation vector x into two portions and deter system updates at least some of the mappings in the hash 
mine two hash codes that map to indices I , and 17 . The table using the accuracy values . The classification system 
classification system 100 may determine that index lo 30 performs backward propagation to update some of the 
includes two node identifiers , one for node y , and one for mappings , e . g . , of node identifiers to hash codes , and weight 
node yz . The classification system 100 may determine that vectors while leaving other mappings , weight vectors , or a 
index I , does not include any node identifiers . In some combination of both , unchanged . For instance , the classifi 
examples , when the classification system 100 determines an cation system may leave a majority of the mappings in a 
index that does not map to any node identifiers , the classi - 35 hash table unchanged for each iteration of training , e . g . , for 
fication system 100 may determine the top K nodes using M each training example . 
indices , when K is not equal to M , e . g . , when K is less than As part of a training process , at 216 , the classification 
M . system removes old entries from the hash table . For 

In some implementations , the neural network 102 may example , the classification system periodically removes old 
include multiple layers for which approximate computation 40 entries from the hash table during training to reduce the time 
of matrix products is performed . For instance , the classifi - necessary for training . For instance , if the classification 
cation system may use a hashing technique to approximate system removed old entries during each iteration of training , 
output for both one of the hidden layers of the neural the classification system would require more time for train 
network 102 and the output layer of the neural network 102 . ing . 

FIG . 2 is a flow diagram of a process 200 for processing 45 The order of steps in the process 200 described above is 
an activation vector using selected nodes in a layer to illustrative only , and processing the activation vector using 
generate an output for the layer . The process can be imple - the selected nodes in the layer to generate the output for the 
mented by one or more computer programs installed on one layer can be performed in different orders . For example , the 
or more computers . For example , the process 200 can be classification system may remove old entries from the hash 
used by the classification system 100 . Part of the process 50 table prior to receiving the activation vector , e . g . , during a 
200 , e . g . , steps 202 through 210 , may be performed at training process . 
run - time . Part of the process 200 , e . g . , steps 202 through In some implementations , the process 300 can include 
216 , may be performed only during a training process . additional steps , fewer steps , or some of the steps can be 
At 202 , the classification system receives an activation divided into multiple steps . For example , the classification 

vector as input for a particular layer of a neural network . 55 system may perform steps 202 through 210 without per 
At 204 , the classification system computes a hash code for forming steps 212 through 216 , e . g . , during run - time . 

at least a portion of the activation vector . The classification FIG . 3 is a flow diagram of a process 300 for selecting 
system may divide the activation vector x into M portions nodes in a layer using integers as input to a hash table . The 
and use any appropriate method to determine a hash code for process can be implemented by one or more computer 
each of the portions . 60 programs installed on one or more computers . For example , 

At 206 , the classification system determines one or more the process 300 can be used by the classification system 100 . 
most similar hashes , in the hash table that maps numeric At 302 , the classification system converts each real num 
values to nodes in the particular layer , to the hash code of the ber in an activation vector to a binary value to create a binary 
portion of the activation vector . For example , the classifi - vector . For instance , the classification system rounds each 
cation system uses each hash code m to determine a corre - 65 real number to one or zero . 
sponding entry in a respective hash table T , and one or more At 304 , the classification system determines multiple 
node identifiers for each entry . The classification system portions of the binary vector . For example , the classification 
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system determines the number of binary values that should tion environment for the computer program in question , e . g . , 
be included in each of M portions of the binary vector so that code that constitutes processor firmware , a protocol stack , a 
each portion has the same , or approximately the same , database management system , an operating system , or a 
number of binary values . In some examples , some of the combination of one or more of them . 
portions may have one more or one fewer binary value than 5 A computer program ( which may also be referred to or 
some of the other portions . The classification system uses described as a program , software , a software application , a 
the same number of portions M and the same number of module , a software module , a script , or code ) can be written 
binary values in each of the respective portions during in any form of programming language , including compiled 
training and run - time . or interpreted languages , or declarative or procedural lan 

At 306 , the classification system converts , for each of the 10 guages , and it can be deployed in any form , including as a 
portions , the binary values into an integer . For instance , the stand - alone program or as a module , component , subroutine , 
classification system uses any appropriate method to use all or other unit suitable for use in a computing environment . A 
of the binary values in a particular portion to an integer . The computer program may , but need not , correspond to a file in 
classification system may use the sum of the binary values a file system . A program can be stored in a portion of a file 
in the particular portion to determine the corresponding 15 that holds other programs or data , e . g . , one or more scripts 
integer value . stored in a markup language document , in a single file 

At 308 , the classification system selects one or more dedicated to the program in question , or in multiple coor 
nodes in a particular layer by using the integers as input to dinated files , e . g . , files that store one or more modules , 
a hash table . For example , the classification system uses sub - programs , or portions of code . A computer program can 
each of the integers as a hash code as an index in a 20 be deployed to be executed on one computer or on multiple 
corresponding hash table . The classification system may computers that are located at one site or distributed across 
determine zero , one , or more node identifiers for each of the multiple sites and interconnected by a communication net 
hash codes used as an index in a corresponding hash table . work . 

The order of steps in the process 300 described above is As used in this specification , an " engine , ” or “ software 
illustrative only , and selecting nodes in the layer using 25 engine , ” refers to a software implemented input / output sys 
integers as input to the hash table can be performed in tem that provides an output that is different from the input . 
different orders . For example , the classification system may An engine can be an encoded block of functionality , such as 
determine multiple portions M of the activation vector and a library , a platform , a software development kit ( “ SDK " ) , 
then convert each reach number in each of the portions , or or an object . Each engine can be implemented on any 
a subset of the portions , to a binary value to create multiple 30 appropriate type of computing device , e . g . , servers , mobile 
binary vectors , or a single binary vector with multiple phones , tablet computers , notebook computers , music play 
portions . ers , e - book readers , laptop or desktop computers , PDAs , 

In some implementations , the process 300 can include smart phones , or other stationary or portable devices , that 
additional steps , fewer steps , or some of the steps can be includes one or more processors and computer readable 
divided into multiple steps . For example , the classification 35 media . Additionally , two or more of the engines may be 
system may perform steps 302 , 306 , and 308 without implemented on the same computing device , or on different 
performing step 304 . computing devices . 

Embodiments of the subject matter and the functional The processes and logic flows described in this specifi 
operations described in this specification can be imple - cation can be performed by one or more programmable 
mented in digital electronic circuitry , in tangibly - embodied 40 computers executing one or more computer programs to 
computer software or firmware , in computer hardware , perform functions by operating on input data and generating 
including the structures disclosed in this specification and output . The processes and logic flows can also be performed 
their structural equivalents , or in combinations of one or by , and apparatus can also be implemented as , special 
more of them . Embodiments of the subject matter described purpose logic circuitry , e . g . , an FPGA ( field programmable 
in this specification can be implemented as one or more 45 gate array ) or an ASIC ( application - specific integrated cir 
computer programs , i . e . , one or more modules of computer cuit ) . 
program instructions encoded on a tangible non - transitory Computers suitable for the execution of a computer 
program carrier for execution by , or to control the operation program include , by way of example , can be based on 
of , data processing apparatus . Alternatively or in addition , general or special purpose microprocessors or both , or any 
the program instructions can be encoded on an artificially - 50 other kind of central processing unit . Generally , a central 
generated propagated signal , e . g . , a machine - generated elec - processing unit will receive instructions and data from a 
trical , optical , or electromagnetic signal , that is generated to read - only memory or a random access memory or both . The 
encode information for transmission to suitable receiver essential elements of a computer are a central processing 
apparatus for execution by a data processing apparatus . The unit for performing or executing instructions and one or 
computer storage medium can be a machine - readable stor - 55 more memory devices for storing instructions and data . 
age device , a machine - readable storage substrate , a random Generally , a computer will also include , or be operatively 
or serial access memory device , or a combination of one or coupled to receive data from or transfer data to , or both , one 
more of them . The computer storage medium is not , how or more mass storage devices for storing data , e . g . , mag 
ever , a propagated signal . netic , magneto - optical disks , or optical disks . However , a 

The term " data processing apparatus ” encompasses all 60 computer need not have such devices . Moreover , a computer 
kinds of apparatus , devices , and machines for processing can be embedded in another device , e . g . , a mobile telephone , 
data , including by way of example a programmable proces - a personal digital assistant ( PDA ) , a mobile audio or video 
sor , a computer , or multiple processors or computers . The player , a game console , a Global Positioning System ( GPS ) 
apparatus can include special purpose logic circuitry , e . g . , an receiver , or a portable storage device , e . g . , a universal serial 
FPGA ( field programmable gate array ) or an ASIC ( appli - 65 bus ( USB ) flash drive , to name just a few . 
cation - specific integrated circuit ) . The apparatus can also Computer - readable media suitable for storing computer 
include , in addition to hardware , code that creates an execu - program instructions and data include all forms of non 
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volatile memory , media and memory devices , including by cumstances , multitasking and parallel processing may be 
way of example semiconductor memory devices , e . g . , advantageous . Moreover , the separation of various system 
EPROM , EEPROM , and flash memory devices ; magnetic modules and components in the embodiments described 
disks , e . g . , internal hard disks or removable disks ; magneto - above should not be understood as requiring such separation 
optical disks ; and CD - ROM and DVD - ROM disks . The 5 in all embodiments , and it should be understood that the 
processor and the memory can be supplemented by , or described program components and systems can generally 
incorporated in , special purpose logic circuitry . be integrated together in a single software product or pack 

To provide for interaction with a user , embodiments of the aged into multiple software products . 
subject matter described in this specification can be imple - Particular embodiments of the subject matter have been 
mented on a computer having a display device , e . g . , a CRT 10 described . Other embodiments are within the scope of the 
( cathode ray tube ) or LCD ( liquid crystal display ) monitor , following claims . For example , the actions recited in the 
for displaying information to the user and a keyboard and a claims can be performed in a different order and still achieve 
pointing device , e . g . , a mouse or a trackball , by which the desirable results . As one example , the processes depicted in 
user can provide input to the computer . Other kinds of the accompanying figures do not necessarily require the 
devices can be used to provide for interaction with a user as 15 particular order shown , or sequential order , to achieve 
well ; for example , feedback provided to the user can be any desirable results . In certain implementations , multitasking 
form of sensory feedback , e . g . , visual feedback , auditory and parallel processing may be advantageous . 
feedback , or tactile feedback ; and input from the user can be 
received in any form , including acoustic , speech , or tactile What is claimed is : 
input . In addition , a computer can interact with a user by 20 1 . A method for processing an input through each of a 
sending documents to and receiving documents from a plurality of layers of a neural network to generate an output , 
device that is used by the user ; for example , by sending web wherein each of the plurality of layers of the neural network 
pages to a web browser on a user ' s client device in response comprises a respective plurality of nodes , the method com 
to requests received from the web browser . prising , for a particular layer of the plurality of layers : 

Embodiments of the subject matter described in this 25 determining , by a classification system , one or more hash 
specification can be implemented in a computing system that codes of an activation vector that is input for the 
includes a back - end component , e . g . , as a data server , or that particular layer ; 
includes a middleware component , e . g . , an application selecting one or more nodes in the particular layer using 
server , or that includes a front - end component , e . g . , a client the one or more hash codes of the activation vector as 
computer having a graphical user interface or a Web browser 30 input to a lookup function for a hash table that maps 
through which a user can interact with an implementation of hash codes of activation vectors to data for weight 
the subject matter described in this specification , or any values for nodes in the particular layer , the selecting 
combination of one or more such back - end , middleware , or comprising : 
front - end components . The components of the system can be determining , for at least some of the one or more hash 
interconnected by any form or medium of digital data 35 codes , an entry in the hash table at an index having 
communication , e . g . , a communication network . Examples a value that is the same as the hash code ; and 
of communication networks include a local area network determining , for each of the entries in the hash table , 
( “ LAN ” ) and a wide area network ( “ WAN ” ) , e . g . , the one or more weight value vectors that are identified 
Internet . by the entry in the hash table at the index having a 

The computing system can include clients and servers . A 40 value that is the same as the hash code , wherein each 
client and server are generally remote from each other and of the one or more weight value vectors is for a 
typically interact through a communication network . The corresponding one of the selected nodes ; and 
relationship of client and server arises by virtue of computer generating an output for the particular layer by combining 
programs running on the respective computers and having a the weight values for the selected nodes with the 
client - server relationship to each other . 45 activation vector , the generating comprising : 
While this specification contains many specific imple combining , for each of the selected nodes , the corre 

mentation details , these should not be construed as limita sponding weight value vector with the activation 
tions on the scope of any invention or of what may be vector . 
claimed , but rather as descriptions of features that may be 2 . The method of claim 1 , wherein determining , for each 
specific to particular embodiments of particular inventions . 50 of the entries in the hash table , the one or more weight value 
Certain features that are described in this specification in the vectors that are identified by the entry in the hash table at the 
context of separate embodiments can also be implemented in index having a value that is the same as the hash code 
combination in a single embodiment . Conversely , various comprises : 
features that are described in the context of a single embodi determining , for each of the entries in the hash table , one 
ment can also be implemented in multiple embodiments 55 or more node identifiers that are included in the entry 
separately or in any suitable subcombination . Moreover , in the hash table at the index having a value that is the 
although features may be described above as acting in same as the hash code , wherein each of the node 
certain combinations and even initially claimed as such , one identifiers in the one or more node identifiers corre 
or more features from a claimed combination can in some sponds to one of the selected nodes , wherein the data 
cases be excised from the combination , and the claimed 60 for the weight values for nodes in the particular layer 
combination may be directed to a subcombination or varia comprises the one or more node identifiers ; and 
tion of a subcombination . determining , for each of the selected nodes using the 

Similarly , while operations are depicted in the drawings in corresponding node identifier , the one or more weight 
a particular order , this should not be understood as requiring value vectors for the selected node . 
that such operations be performed in the particular order 65 3 . The method of claim 2 , wherein determining , for each 
shown or in sequential order , or that all illustrated operations of the selected nodes using the corresponding node identi 
be performed , to achieve desirable results . In certain cir - fier , the one or more weight value vectors for the selected 
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node comprises requesting , from a parameter database , the 8 . The system of claim 7 , wherein determining , for each 
one or more weight value vectors for the selected node . of the entries in the hash table , the one or more weight value 

4 . The method of claim 1 , wherein determining the one or vectors that are identified by the entry in the hash table at the 
more weight value vectors that are identified in the entry in index having a value that is the same as the hash code 
the hash table at the index having a value that is the same as 5 comprises : 
the hash code comprises determining , for at least some of the determining , for each of the entries in the hash table , one 
entries in the hash table , the one or more weight value or more node identifiers that are included in the entry 
vectors that are included in the entry in the hash table at the in the hash table at the index having a value that is the 
index having a value that is the same as the hash code , same as the hash code , wherein each of the node 
wherein the data for the weight values for nodes in the 10 identifiers in the one or more node identifiers corre 
particular layer comprise the one or more weight value sponds to one of the selected nodes , wherein the data 
vectors . for the weight values for nodes in the particular layer 

5 . The method of claim 1 , wherein combining the weight comprises the one or more node identifiers ; and 
values for the selected nodes with the activation vector 15 determining , for each of the selected nodes using the 
comprises multiplying the activation vector with the weight corresponding node identifier , the one or more weight 
values . value vectors for the selected node . 

6 . The method of claim 1 , wherein : 9 . The system of claim 8 , wherein determining , for each 
the activation vector comprises a vector of real number of the selected nodes using the corresponding node identi 

values ; 20 fier , the one or more weight value vectors for the selected 
determining the one or more hash codes of the activation node comprises requesting , from a parameter database , the 

vector that is input for the particular layer comprises : one or more weight value vectors for the selected node . 
converting each of the real number values in the 10 . The system of claim 7 , wherein determining the one 

activation vector to binary values to create a binary or more weight value vectors that are identified in the entry 
vector ; 25 in the hash table at the index having a value that is the same 

determining a plurality of portions of the binary vector ; as the hash code comprises determining , for at least some of 
and the entries in the hash table , the one or more weight value converting , for each of the portions of the binary vector , vectors that are included in the entry in the hash table at the the binary values in the respective portion into an index having a value that is the same as the hash code , 
integer ; and wherein the data for the weight values for nodes in the selecting the one or more nodes in the particular layer particular layer comprise the one or more weight value using the one or more hash codes of the activation vectors . vector as input to the lookup function for the hash table 

that maps hash codes to data for weight values for 11 . The system of claim 7 , wherein combining the weight 
nodes in the particular layer comprises selecting , using 35 5 values for the selected nodes with the activation vector 
the integers as input to the lookup function for the hash comprises multiplying the activation vector with the weight 
table , the weight values for nodes in the particular values . 
layer . 12 . The system of claim 7 , wherein : 

7 . A system comprising one or more computers and one the activation vector comprises a vector of real number 
or more storage devices storing instructions that are oper - 40 values ; 
able , when executed by the one or more computers , to cause determining the one or more hash codes of the activation 
the one or more computers to perform operations compris vector that is input for the particular layer comprises : 
ing : converting each of the real number values in the 

determining one or more hash codes of an activation activation vector to binary values to create a binary 
vector that is input for a particular layer of a neural 45 vector ; 
network ; determining a plurality of portions of the binary vector ; 

selecting one or more nodes in the particular layer using 
the one or more hash codes of the activation vector as converting , for each of the portions of the binary vector , 
input to a lookup function for a hash table that maps the binary values in the respective portion into an 
hash codes of activation vectors to data for weight 50 integer ; and 
values for nodes in the particular layer , the selecting selecting the one or more nodes in the particular layer 
comprising : using the one or more hash codes of the activation 
determining , for at least some of the one or more hash vector as input to the lookup function for the hash table 

codes , an entry in the hash table at an index having that maps hash codes to data for weight values for 
a value that is the same as the hash code ; and 55 nodes in the particular layer comprises selecting , using 

determining , for each of the entries in the hash table , the integers as input to the lookup function for the hash 
one or more weight value vectors that are identified table , the weight values for nodes in the particular 
by the entry in the hash table at the index having a layer . 
value that is the same as the hash code , wherein each 13 . A computer storage medium encoded with instructions 
of the one or more weight value vectors is for a 60 that , when executed by one or more computers , cause the 
corresponding one of the selected nodes ; and one or more computers to perform operations comprising : 

generating an output for the particular layer by combining determining one or more hash codes of an activation 
the weight values for the selected nodes with the vector that is input for a particular layer of a neural 
activation vector , the generating comprising : network ; 
combining , for each of the selected nodes , the corre - 65 selecting one or more nodes in the particular layer using 

sponding weight value vector with the activation the one or more hash codes of the activation vector as 
vector . input to a lookup function for a hash table that maps 

and 
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hash codes of activation vectors to data for weight vectors for the selected node comprises requesting , from a 
values for nodes in the particular layer , the selecting parameter database , the one or more weight value vectors for 
comprising : the selected node . 
determining , for at least some of the one or more hash 16 . The computer storage medium of claim 13 , wherein 

codes , an entry in the hash table at an index having 5 determining , the one or more weight value vectors that are 
a value that is the same as the hash code ; and identified in the entry in the hash table at the index having 

determining , for each of the entries in the hash table , a value that is the same as the hash code comprises deter 
one or more weight value vectors that are identified mining , for at least some of the entries in the hash table , the by the entry in the hash table at the index having a one or more weight value vectors that are included in the value that is the same as the hash code , wherein each 10 entry in the hash table at the index having a value that is the of the one or more weight value vectors is for a same as the hash code , wherein the data for the weight corresponding one of the selected nodes ; and values for nodes in the particular layer comprise the one or generating an output for the particular layer by combining 

the weight values for the selected nodes with the more weight value vectors . 
17 . The computer storage medium of claim 13 , wherein activation vector , the generating comprising : 15 

combining , for each of the selected nodes , the corre combining the weight values for the selected nodes with the 
sponding weight value vector with the activation activation vector comprises multiplying the activation vec 

tor with the weight values . vector . 18 . The computer storage medium of claim 13 , wherein : 14 . The computer storage medium of claim 13 , wherein 
determining , for each of the entries in the hash table , the one 20 the activation vector comprises a vector of real number 
or more weight value vectors that are identified by the entry values ; 
in the hash table at the index having a value that is the same determining the one or more hash codes of the activation 
as the hash code comprises : vector that is input for the particular layer comprises : 

determining , for at least some of the one or more hash converting each of the real number values in the 
codes , an entry in the hash table at an index having a 25 activation vector to binary values to create a binary 
value that is the same as the hash code ; vector ; 

determining , for each of the entries in the hash table , one determining a plurality of portions of the binary vector ; 
or more node identifiers that are included in the entry and 
in the hash table at the index having a value that is the converting , for each of the portions of the binary vector , 
same as the hash code , wherein each of the node 30 the binary values in the respective portion into an 
identifiers in the one or more node identifiers corre integer ; and 
sponds to one of the selected nodes , wherein the data selecting the one or more nodes in the particular layer 
for the weight values for nodes in the particular layer using the one or more hash codes of the activation 
comprises the one or more node identifiers ; and vector as input to the lookup function for the hash table 

determining , for each of the selected nodes using the 35 that maps hash codes to data for weight values for 
corresponding node identifier , the one or more weight nodes in the particular layer comprises selecting , using 
value vectors for the selected node . the integers as input to the lookup function for the hash 

15 . The computer storage medium of claim 14 , wherein table , the weight values for nodes in the particular 
determining , for each of the selected nodes using the cor layer . 
responding node identifier , the one or more weight value * * * 


